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ABSTRACT: Characterization is fundamental to the design, build,
test, learn (DBTL) cycle for engineering synthetic genetic circuits.
Components must be described in such a way as to account for their
behavior in a range of contexts. Measurements and associated
metadata, including part composition, constitute the test phase of
the DBTL cycle. These data may consist of measurements of
thousands of circuits, measured in hundreds of conditions, in
multiple assays potentially performed in different laboratories and
using different techniques. In order to inform the learn phase this
large volume of data must be filtered, collated, and analyzed.
Characterization consists of using this data to parametrize models of
component function in different contexts, and combining them to
predict behaviors of novel circuits. Tools to store, organize, share,
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and analyze large volumes of measurement and metadata are therefore essential to linking the test phase to the build and learn
phases, closing the loop of the DBTL cycle. Here we present such a system, implemented as a web app with a backend data registry
and analysis engine. An interactive frontend provides powerful querying, plotting, and analysis tools, and we provide a REST API and

Python package for full integration with external build and learn
composition via SBOL (Synthetic Biology Open Language). We
components and circuits according to composition and context.

software. All measurements are associated with circuit part
demonstrate our tool by characterizing a range of genetic

KEYWORDS: synthetic biology, systems biology, data management, characterization, SBOL, web application

ynthetic biology is an interdisciplinary field that aims to
use engineering principles to create novel DNAs with
prescribed functions. This process typically follows a design-
build-test-learn (DBTL) cycle (Figure 1). DNA design has
benefited from developments in syntax,' > part registries,*
Genetic Design Automation (GDA) tools,”® standards for
describing and sharing designs,g and web-based information
systems.' """ These tools enable exchange between a collection
of open source tools'”> that implement phases of this
engineering cycle (Figure 1). For example, simulation
tools'”'* can be used to predict candidate genetic circuits,
from which potentially functional circuits are selected. All
circuit compositions and part sequences can be designed using
the above-mentioned tools to generate files in different formats
such as GenBank, FASTA, or SBOL. These designs could be
stored and published in SynBioHub® or in JBEL-ICE registry,’
receiving a unique identifier making it possible for the
constructs to be accessed by specialized software tools.
The DNA sequence designs generated are then built using
modern assembly techniques."”™'® These techniques are
increasingly enabled by robotic automation,”™** controlled
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by open source application programming interfaces (APIs)
that can be integrated with different standards. Robotic
automation can also be combined with scalable low cost and
open source measurement devices that can be run in parallel to
generate high-throughput test data.””** These test data feed
into the learn phase to estimate parameters of models,” train
machine learning algorithms,26 or define design constraints.””

Automation is rapidly expanding our capacity to build and
test large numbers of genetic circuit designs for applications
from microbes™ to higher organisms such as mammals.”’
However, there remains a need for tools to link these large
volumes of test phase data to methods and algorithms to learn
new designs, closing the DBTL cycle (Figure 1). Fundamental
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Figure 1. DBTL cycle. The design-build-test-learn (DBTL) cycle can
be mostly implemented with existing tools. Flapjack closes the gap
between test and learn phases, organizing and analyzing measure-
ments to parametrize or train models.

to the DBTL cycle is characterization of component (part,
device, circuit) function based on test data. This data must be
collated, filtered, and analyzed to provide the required inputs
for the learn phase.”” Metadata not present in raw data files are
also necessary to incorporate details of the DNA design (part
composition), experimental conditions (temperature, media,
etc.), and chassis’ in which measurements were made.
Combining all of this information into a coherent predictive
model is the goal of the learn phase.*’ >

Genetic circuits are dynamical systems driven either by a
host cell’’ or a cell-free substrate.”* To fully characterize their
behavior it is therefore necessary to measure and analyze the
dynamics of their gene expression. There is currently no best
practice for representing the required kinetic measurement
data, which is distributed across many files in different formats,
stored in different laboratories, institutions, repositories, and
databases. While excellent systems blology analysis tools exist
for studying gene expression dynamics,” ~  these operate on
single experiments, do not incorporate metadata nor DNA part
composition, and do not integrate with searchable registry
databases. Neither do existing measurement data regis-
tries' ** 7" reference DNA design part composition via
exchange standards, such as SBOL.

Here we present a tool which completes the DBTL
workflow shown in Figure 1; storing, filtering, visualizing,
and analyzing kinetic gene expression data from the test phase
in order to provide input to the learn phase.

B RESULTS

Data Model. Central to our system is the data model,
which defines how the measurement data is organized and
labeled (Figure 2, Table 1). The basic unit of data is the
measurement, which typically consists of readout of fluorescent,
luminescent, or colorimetric reporter level,**** and estimates
of biomass or density. Each measurement refers to a particular
sample at a specific time, and each sample is measured at
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multiple time points, possibly reading multiple reporter levels.
Each sample is measured in a specific assay, which might
correspond for example to a kinetic plate-reader experiment.
Finally, sets of assays are grouped into a study representing a
project with a common purpose. This hierarchy represents
typical lab workflows and allows users to easily filter data
intuitively, providing a platform for data exploration.

However, in order to fully characterize the behavior of
genetic circuits and their components one must consider the
context’”™ in which measurements were recorded. This
context is given by metadata which are stored in our database
and related to each measurement. For example, to account for
metabolic changes, the chassis strain used, the media in which
it grew, and the assay temperature must be considered during
data analysis. External signals in the form of inducer chemicals
must also be incorporated to parametrize models of gene
regulation. Most importantly, using the stored SynBloHub URI
of genetic circuits and connecting to SynBioHubs® via
PySBOL,** we can analyze the composition of the DNA and
relate the context of components to their effect on circuit
behavior. This combination of measurement data and
contextual metadata enables sophisticated analysis and
modehng of genetic circuits that can be used to learn
increasingly complex designs.*>** Identifying DNAs by their
SynBioHub URI means that Flapjack effectively integrates
measurement data, its analysis, and its metadata to the exact
sequence of parts from which the circuit DNA is composed.

Web Interface and API. The architecture of Flapjack is
shown in Figure 3 and it is composed of a web interface
frontend and a backend application programming interface
(API). We provide a comprehensive web interface that first
allows users to create a new study, or add assays to an existing
study, by uploading data files and inputting additional
metadata interactively via the web app. Currently two sources
of data are supported, microplate readers and FluoPi
fluorescence imaging stations,”’ although it is straightforward
to write other parsers. In the case of multiwell microplate data,
required metadata that varies between wells is specified in an
Excel file containing various sheets, with each cell a well in the
plate. Raw data is also contained in a sheet of this file. In the
case of FluoPi, data is uploaded as a JSON file output by the
FluoPi analysis software, and metadata is supplied via the user
interface.

On the browse page, the user may browse and search
available studies, assays and vectors. On a separate tab users
may also search and browse a table of assays, viewing a short
description of each. The vector tab provides an optional
SynBioHub URI which links to a SynBioHub instance*” where
it is possible to download the SBOL design file® and SBOL
circuit diagram,*® as well as inspect part composition. Sharing
and privacy of data is controlled at the study level and consists
of three types: private, shared with specific users, and public
(visible to all users). In a typical workflow, we envisage a team
of researchers, each generating, analyzing, and visualizing their
own data. When a team member has useful results they share
those data with other team members. Later if the collaboration
generates a published outcome, the results can be made public.

On the view page (Figure 4) Flapjack provides a tabbed
environment in which to explore and analyze data. Users
construct a query by selecting filters for study, assay, media,
strain, vector, and signal. For example, one might query all data
for a given vector, irrespective of the study in which it was
performed. This data can then be visualized interactively,
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Figure 2. Flapjack’s data model. The basic unit of data is the measurement, which is the readout of a reporter or biomass signal in time. A
measurement refers to a specific sample, which can be a well in a plate-reader experiment or a colony in a Petri dish time-lapse. Samples are grouped
in a specific assay, which corresponds to a single kinetic procedure. Assays belong to a particular study that aims to answer a scientific question or
project. Along with signal data, each measurement is described in terms of its context through experimental metadata, mainly composed of the media
substrate, the host strain, the DNA which the host is transformed with, and inducer chemicals to study stress or other regulation behaviors of the
system. It is important to mention that some metadata could not be present, such as strain in Cell-free assays or DNA in control samples, to name a
few. PK is primary key, FK is foreign key, and MM is many-to-many relation.

Table 1. Objects That Constitute the Flapjack Data Model

object description

Study A project, for example a paper or report, that corresponds
to a certain question a researcher wants to address.

Assay Measurement experiments, including replicates and varying
experimental conditions, performed to explore different
aspects of the study.

Sample Corresponds to the basic unit that is subject to
measurement, for example a colony or a well in a
microplate.

Measurement  The value of the raw measurement recorded for a particular
sample during an assay at a particular time.

Vector Describes the synthetic DNAs encoding a genetic circuit,
including links to part composition and sequence via the
corresponding SynBioHub URIs.

Media Composition of the substrate that drives the genetic circuit,
media in the case of live cell assays, or extract for cell-free
experiments.

Strain The chassis organism, if any, hosting the genetic circuit.

Supplement Any supplementary chemicals that interact with
components of the genetic circuit.

Signal The subject of measurements, for example a fluorescence

channel with given filter bandwidths.
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plotting each measurement as a function of time. Plots are
grouped into subplots, and given different line colors according
to user-selected labels. For example the user might compare
two studies by creating two tabs in the user interface. Within
each tab the user could also select to group the data into
subplots according to the vector in each sample. Finally, it is
possible to group the lines into colors according to the signal,
for example to differentiate fluorescence channels. Data can
also be summarized by plotting mean and standard deviation
and/or normalized for comparison. The plots generated by the
frontend can be downloaded as print quality PNG files with
specified dimensions and font size, or as JSON encoded figure
objects for formatting with Plotly.”” Plots are stored in the
browser’s local storage for persistence while sessions are active.

Having constructed a query, the user can also perform
various analyses, plotting the results according to the same
groupings. The user provides input parameters to a range of
functions that transform the selected data time series. For
example, the mean expression summarizes a kinetic experiment
by the average reporter level, and results in a set of bar graphs
according to the specified grouping options. More complex
analyses include calculation of expression (or synthesis) rates,
induction curves, velocity profiles, and induction kymographs
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Figure 3. Flapjack’s architecture. Flapjack is a full stack web
application developed as a Django REST API and a React web
client, built on a PostgreSQL database and deployed in Docker
containers for ease of use and portability. The frontend-backend
connection is made via the REST API and WebSockets when
persistence is needed, both using JSON (JavaScript Object Notation)
web tokens for authentication to access restricted end points. The
backend makes use of NGINX to reverse proxy to a Gunicorn
application, Redis database to store data related to WebSockets and
data science libraries to process data and perform analysis such as
NumPy, Pandas, and SciPy. The frontend uses D3.js library via Plotly
to visualize data, Redux and Redux Persist for global state
management and data persistence. We also provide a Python package
to access progammatically to the REST APIL In order to facilitate
interoperability with external tools, all data exchange is made using
JSON.

(see Supporting Information for examples). Growth can also
be considered, using the same tools to extract mean or
maximum biomass or growth rate by analyzing measurements
that correspond to biomass estimates. A comprehensive set of
tutorials for the capabilities and use of the web interface is
provided on our wiki (https://github.com/synbiouc/flapjack
frontend/wiki; see also Supporting Information).

Analysis of gene expression measurement data requires
removal of background signal from the growth medium, and
from the cells themselves, for example, autofluorescence. In
order to do this, experiments should be designed with control
samples containing only growth media, and samples containing
untransformed host cells for in vivo assays. Flapjack automati-
cally detects control samples, those without cells (media
background) and those without DNA (untransformed cells),
and computes and subtracts signal background where
necessary. The time-varying background signals are computed
as the mean signal value at each time point. The standard
deviation can be used to set a threshold below which data
points may be considered background and optionally removed
from analysis.

186

Queries automatically aggregate data from multiple studies
and assays, picking out particular samples according to the
specified metadata. All querying, plotting and analysis
functions and resulting figures and data may also be accessed
via our Python package (https://github.com/synbiouc/
flapjack). Via the AP], this package interfaces Flapjack directly
with Pandas® and thus to the Numpy/SciPy stack.”>* Pandas
is a powerful data analysis library that enables filtering,
merging, pivoting among other operations on tabulated data or
dataframes. Columns in these dataframes, such as time series of
measurements, are represented as Numpy arrays, meaning that
a broad range of signal processing, statistical analysis, and
visualization techniques may be applied to them. Figures
downloaded as JSON may be formatted and added to (eg,
annotated) using Plotly*’ via Python® or JavaScript. Our API
uses JSON making it simple to interface with other software
and collaborate on data analysis outside of Flapjack.

Design-Build-Test-Learn Cycle. We used Flapjack to
complete the DBTL cycle (Figure 1), which can be
summarized as follows. First, in the design phase circuits
were composed usin§ SBOLDesigner” and uploaded to our
SynBioHub instance.”” The build phase, DNA assembly, was
performed manually but could be automated using open
source APIs that can be linked to genetic designs.'®” Test
phase data was generated using various kinetic gene expression
measurement techniques, which can be automated to varying
degrees.”' ~** Test data and metadata was then uploaded to
Flapjack, allowing visualization and analysis of the synthetic
genetic circuits measured under various conditions. This data
was then used to quantitatively characterize circuit behavior,
allowing estimation of parameters for models to predict new
designs, which could be simulated using custom software or
existing simulation tools.'"”'* These simulations can predict
novel circuit behavior, constituting the learn phase.’
Furthermore, Flapjack provides tidy analysis data with
characteristic features linked to metadata labels that can
directly feed into machine learning and statistical analysis
toolkits such as scikit-learn®* and TensorFlow,>® which enable
supervised and unsupervised learning, including deep neural
networks.

B DISCUSSION

Synthetic biology aims to apply the engineering principles of
design, build, test, and learn to biological systems, either to
mimic existing functions in nature or to create novel genetic
components, networks, and pathways. Recent developments in
design tools,”® DNA assembly,'”> DNA composition regis-
tries,”® and robotics automation are enabling not only DNA
assembly in bacteria®® but also for plants®” and yeast,” cell-
free cloning of custom DNA libraries in microfluidic devices,*’
and even chemical production.”” Further, combined with this
large-scale circuit assembly, developments in automated
measurement assays” " will enable the generation of large
volumes of data via high-throughput experiments. These data
must also be linked to metadata or labels that give context to
the measurement,’"®* such as growth conditions, host strain,
and supplementary inducer chemical concentrations, as well as
relating them to the circuit part composition. This scenario
creates the need for tools that apply the DBTL principle,
organizing kinetic gene expression data from high-throughput
assays and characterizing the behavior of the biological systems
under study, linking these large volumes of test phase data to
the learn phase in order to complete the engineering cycle.
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Figure 4. The web interface of Flapjack. The view page allows users to query data stored in the database and perform a variety of analysis. Queries
and analysis can then be visualized interactively in plots grouped into subplots and given different line colors, both according to user-selected labels
(ie., assay, vector, signal, etc.). Also, data can be summarized by plotting mean and standard deviation and/or normalized for comparison. These
plots can be organized in different tabs and stored in the browser’s local storage while the session is active, thus users can compare between
different querying filters. Finally, users can download the generated plots as PNG files or as JSON encoded figures for formatting with Plotly and

use them for publication purposes.

We developed a standardized data model that enables
scalable data storage, analysis, visualization, and parameter
estimation, enabling collation and sharing of gene expression
data from diverse sources and different formats. Our data
model links measurements to metadata describing the
conditions under which they were taken, and to the design
of the genetic circuit under study through connecting directly
to an existing ecosystem of standards and software tools. We
demonstrated that Flapjack closes the gap between the DBTL
cycle build and learn phases by characterizing a variety of
genetic circuits with data from different protocols and
measurement devices. Using our system we were able to
characterize important synthetic biology technologies such as
CRISPRi transcription regulation,”® cell-free protein syn-
thesis,”* and image-based measurements of genetic circuit
dynamics.

Flapjack uses state-of-the-art systems biology methods™ to
extract robust measures of genetic circuit dynamics. We
provide an engine to generate dynamic analyzes such as
expression rate and cell-free reaction velocity profiles and
induction kymographs, as well as summary measures such as
mean/max expression levels and induction curves. While not
presented in these results, Flapjack also generates heatmaps for
the characterization of two inducer systems (such as NOR or
AND gates) and ratiometric analyzes that measure promoter
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activity relative to a reference promoter.””*® All analyzes are
related to genetic circuit context via metadata, including
cellular context related to operational conditions such as media
composition and host strain, and compositional context due to
circuit part composition via the SBOL exchange standard” and
SynBioHub.’

We facilitate the synthetic biology workflow by the use of a
modern architecture which connects to an ecosystem of
external tools. The platform makes use of the latest
technologies in web development. Its microservices architec-
ture via the use of Docker virtualizations makes installation and
deployment easy for administrators and developers. Flapjack’s
backend engine was developed using Django and Django Rest
Framework, thus supporting many Python tools especially for
data analysis. Despite the effectiveness of this architecture, user
experience is key to widespread adoption of any tool. We used
frameworks such as React, Redux, and D3,js to create a
comprehensive, intuitive and fast user interface that exposes
our powerful storage, analysis, and visualization engines in an
efficient and user-friendly fashion. This is essential to lower
entry barriers for nonexpert users.

Standards are essential to facilitate the automation and
exploration of large design spaces®” and Flapjack provides a
template to standardize storage, exchange, and collaborative
sharing of kinetic gene expression data. The engineering cycle
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relies heavily on characterization of genetic parts, devices, and
systems,””* creating a need for analysis tools that integrate
experimental data with DNA sequences. As circuits get larger,
the process of constructing and testing them becomes more
difficult. Modeling plays a key role in the characterization of
biological systems and with the use of mathematical and
computational techniques researchers could optimize their
designs rather than testing them in the lab, reducing guesswork
and trial-and-error. Model-based design techniques in synthetic
biology are facing a bottleneck 1n data management and
analysis that Flapjack overcomes.”” We envisage that software
implementing such techniques would connect to Flapjack via
the API to extract the necessary data to parametrize its specific
models, which could leverage standards such as SBML.

While our system uses a simple JSON format readable by
many software packages, in future, tighter integration with
SBOL and SBML will create more efficient and accessible
workflows. Robotic automation APIs** and lab inventory
management systems could be connected to Flapjack providing
a direct link between data and physical DNA. With the advent
of large-scale DNA assembly techniques and automation of
laboratory instruments the amount of data synthetic biologists
will face in future will be massive. Leveraging such data will be
essential to develop machine learning based design algorithms
and assembly automation protocols, which will allow 1mportant
advances in synthetic biology.**”® Biofoundry alliances’" have
already adopted DNA assembly standards®® for high-
throughput circuit construction and will now face the data
management and analysis tasks that Flapjack addresses in order
to drive new economic sectors producing pharmaceuticals,
biomaterials, clean fuels, and sustainable food, promoting a
greener economy.

H METHODS
Web Application and API. The web application was

developed using a microservices architecture with Docker
containers virtualization system. The backend is written in
Python®” using the Django framework as a base for the API
and WebSockets architecture. The Django Rest Framework
library is used to build a powerful and flexible REST API, while
Pandas,”® NumPy,”" and SciPy”” libraries are used to process
the data before sending it to the frontend. Using common data
structures such as Numpy arrays means that the backend can
be easily modified to implement different analyses and
interface with other analysis libraries, as we do with the
WellFARE systems biology package.”® The API provided by
the backend, in addition to serve the frontend with the services
it needs, can be used to interact with Flapjack for more
sophisticated analysis by connecting to existing libraries and
software®***#*>7% via a provided Python package (tutorials for
the package are also available; https://github.com/SynBioUC/
flapjack/tree/master/notebooks).

The frontend interface is written in ]avaScrlpt using the
React library” for an interactive design, the D3”* visualization
library via Plotly*” and Redux for global state management and
data persistence. This application is intended for convenient
data exploration and basic analysis, and can also be deployed
using Docker”” for ease of setup. Access to user data in the
frontend is managed via JSON web tokens, where the refresh
token is stored in the browser’s local storage via Redux Persist,
and is used upon site load to obtain the user’s access token. In
the first instance, the user (owner) who uploads the data is the
only one who has access to it. We have implemented a data
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sharing system that considers giving access to particular users
or making studies public. Thus, we ensure that only those
authorized by the owner have access to the information.

The connection between frontend and backend is made via a
REST API provided by the backend and WebSocket
connections for functionalities that require a persistent
connection. Both the API and WebSockets function with
authentication via JSON web tokens, which are required to
access restricted end points. JSON is used for all data
exchange, maximizing flexibility and interoperability with
external tools.

In order to achieve performance and security in the backend,
an NGINX server is used to reverse proxy to a Gunicorn
application that serves the Django Application, and to process
the requests. All persistent data is stored in a PostgreSQL
database, while a Redis database is used to store data related to
WebSocket connectlons and messages. The backend is
deployed using Docker” for easy installation and portability.

Details about the installation and configuration of the
Flapjack web app can be found at github.com/synbiouc/
flapjack _api, github.com/synbiouc/flapjack frontend, and the
Python package may be installed following the instructions at
github.com/synbiouc/flapjack. A public instance of Flapjack
with all data presented in this study can be found at flapjack.
rudge-lab.org.

Experimental Procedures. DNA assembly was carried
out using Golden Gate assembly’® and the method of
Gibson.”” Measurement assays were performed using a
Synergy HTX microplate reader and a FluoPi imaging
station.”® Cell-free extracts were prepared as described in the
Supporting Information. Full details of all experimental
procedures can be found in the Supporting Information. All
data plots presented were generated using the Flapjack
frontend or APL
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